The understanding of protein-ligand binding is of critical importance for biomedical research, yet the process itself has been very difficult to study because of its intrinsically dynamic character. Here, we have been able to quantitatively reconstruct the complete binding process of the enzyme-inhibitor complex trypsin-benzamidine by performing 495 molecular dynamics simulations of free ligand binding of 100 ns each, 187 of which produced binding events with an RMSD less than 2Å compared to the crystal structure. The binding paths obtained are able to capture the kinetic pathway of the inhibitor diffusing from solvent (S0) to the bound (S4) state passing through two metastable intermediate states S2 and S3. Rather than directly entering the binding pocket the inhibitor appears to roll on the surface of the protein in its transition between S3 and the final binding pocket, while the transition between S2 and the bound pose requires rediffusion to S3. An estimation of the standard free energy of binding gives ∆G • = −5.2±0.4 kcal/mol (cf. the experimental value −6.2 kcal/mol), and a two-states kinetic model kon = (1.5 ± 0.2) × 10 8 M −1 s −1 and k off = (9.5 ± 3.3) × 10 4 s −1 for unbound to bound transitions. The ability to reconstruct by simple diffusion the binding pathway of an enzyme-inhibitor binding process demonstrates the predictive power of unconventional highthroughput molecular simulations. Moreover, the methodology is directly applicable to other molecular systems, and thus of general interest in biomedical and pharmaceutical research. Introduction U nderstanding protein-ligand binding processes is undoubtedly of critical importance in structure-based drug design and much effort is being invested in experimental and computational methods to resolve binding. The focus has generally resided on predicting the lowest energy binding pose of a ligand, (1, 2) but resolving the kinetic mechanisms and structure activity relationships of the ligand has increasingly been recognized to provide additional mechanisms for elucidating therapeutically safe and differentiated responses (3, 4). The kinetics of binding depend on the characteristic transition states of a system. Hence, characterizing the binding pathway is crucial to understanding how to control and re-engineer the process of binding.
Introduction
U nderstanding protein-ligand binding processes is undoubtedly of critical importance in structure-based drug design and much effort is being invested in experimental and computational methods to resolve binding. The focus has generally resided on predicting the lowest energy binding pose of a ligand, (1, 2) but resolving the kinetic mechanisms and structure activity relationships of the ligand has increasingly been recognized to provide additional mechanisms for elucidating therapeutically safe and differentiated responses (3, 4) . The kinetics of binding depend on the characteristic transition states of a system. Hence, characterizing the binding pathway is crucial to understanding how to control and re-engineer the process of binding.
Commonly-used methods to experimentally determine kinetic data for biomolecular interactions are available (5), but fast time-scale resolution of a binding mechanism with atomic resolution remains difficult due to the intrinsic dynamic and volatile nature of the process of binding. From a computational perspective, the difficulty lies in accurately measuring binding affinities and kinetic parameters, but it has become easier to try to predict binding free energies on a limited number of targets and to qualitatively interpret binding mechanisms using molecular dynamics. Although it still requires substantial computational resources, the use of special MD engines running on graphical processing units (GPUs) have greatly reduced its cost (6, 7) . In this work we introduce the first, to our knowledge, complete reconstruction of the binding process for an enzyme-inhibitor complex by free diffusion molecular dynamics simulations. Not only we reproduce with atomic resolution the crystallographic mode of binding, but also provide the kinetically and energetically meaningful transition states of the process.
Free ligand binding has been used in the past to describe computational experiments in which, typically, a ligand is placed at a certain distance from the target protein and first by diffusion and then by specific interactions, binds to one or more sites in the protein. These works can be classified into two groups: those mainly trying to predict binding sites and modes for one or more ligands, and those adding some degree of mechanistic information about the process of binding. Nonetheless, previous attempts to perform free ligand binding to proteins could not recover more than a few binding events due to the computational cost, therefore providing some qualitative information on the process but lacking a quantitative validation of the results with experimental data. Proper validation is necessary to make sure that the results provide the correct strategy for understanding biological function.
Wu et al. (8) reported possible binding modes of thioflavin-T (ThT) to β-rich peptide self-assemblies complementing previous experimental work in which ThT binding sites could not be determined (9) . Other predictions of single or multiple binding sites were carried out in nicotinic acetylcholine receptors where Brannigan et al. (10) proposed multiple binding sites for anesthetic isoflurane, and the more recent description of different binding modes of agonists to β-adrenergic receptors also with all-atom molecular dynamics simulations (11) . In Ref. (12) , we could recover the experimental binding site for sodium ions obtaining several hundred binding events on D2-dopaminergic receptors. On the more mechanistic description, there has been the work on the fast recognition of proline-rich peptides by SH3 domains (13) as well as the pH-dependent mechanism of NO transport by nitrophorins (14) . Finally, results on initial conformational changes upon binding are reported for Glycerol 3-phosphate transporter (GlpT), which mediates the import of glycerol 3-phosphate using a phosphate gradient (15) . Despite such progress having been made, none of the aforementioned studies have provided a complete re-construction of a ligand binding process in terms of pathway and quantitative information of the energetics and kinetics.
An ideal method for resolving the binding process would provide not only the binding affinity and kinetics of the reaction, but also atomic resolution information on its pathway. Binding sites, transition states and metastable states are potentially useful to broaden the probability of success in the context of drug design. Here, we present a kinetic model for the binding process of serine protease β-trypsin inhibitor benzamidine obtained from extensive high-throughput all-atom molecular dynamics (MD) simulations of free ligand binding using the ACEMD (6) software on the GPUGRID distributed computing network (7) . An aggregate of 50 µs of trajectory data have been used to construct a Markov State Model (MSM) (16) of the binding process of benzamidine to trypsin. Previous computational studies on trypsin date back to the 80s with work by Warshel et al. (17) on binding free energies computed from potentials of mean force for trypsin and subtilisin. More recent efforts on the trypsin-benzamidine system in particular, include studies of the conformational variability of the bound complex (18, 19) and benzamidinium-derivatives binding affinity calculations via end-point methods (20, 21) and via potential of mean force free energy biased methods such as umbrella sampling (22) and metadynamics (23) . In this work, we report 187 events of binding from bulk to bound based on free diffusion simulations, a quantitative analysis of the process of binding, and the identification of the ratelimiting step in the pathway of binding, which consists of a set of transient hydrogen-bond interactions on the surface of trypsin close to the binding pocket.
Results and Discussion
The results of this work are based on the analysis of 495 trajectories of free diffusion of benzamidine around trypsin each of 100 ns of length (see Figure 1 for a schematic representation of the system). Among these, 187 trajectories (37%) successfully recovered the bound pose in the binding pocket with an RMSD compared to the crystal structure of less than 2Å (Supporting Video S1 shows a typical binding event). As shown in Figure 2a , benzamidine placed at 35Å from its binding pocket explores the entire simulation box (as monitored by its C7 carbon). Interestingly, several clusters of benzamidine on the surface of trypsin can be observed, which indicates that a rather complex mechanism of binding takes place instead of a of simple pathway directly from the bulk. The RMSD of each trajectory in Figure 2b shows the time-evolution for a sample (one every ten) of the trajectories. Some trajectories reach the bound crystallographic pose just after 10-15 ns of simulation while some reach the binding pocket only after 90 ns. Finally, the majority of the trajectories do not enter the binding site within 100 ns, as should be expected in such a short time frame. Nevertheless, there is more than enough data to carry out a detailed quantitative analysis of the binding pathway. In fact, being able to obtain 187 bound trajectories at less than 2Å RMSD by high-throughput molecular dynamics is a compelling result.
In order to formalize the observable conformations of the system and its kinetic relationships we built several Markov state models of the process (16): (a) a two dimensional projection in the xz reaction plane, (b) a simple 5 metastable-state model, and finally (c) a full three-dimensional projection to explicitly compute kinetic and energetic information.
Identification of metastable states. Starting from the two dimensional model of the process, we chose the projection of the coordinates of benzamidine C7-atom on the xz-plane which is the plane which better capture the binding process (see Supporting Figure S1 for other projections). A twodimensional 2500-states MSM was constructed with a lag time of 50 ns (see Supporting Figure S2 ). The clustering of the coordinates was performed on a matrix of 50×50 bins of 1.44Å 2 each. From the first eigenvector of the transition probability matrix we obtained the potential of mean force (PMF) of the binding process (Figure 3a ). Several metastable binding sites are identifiable by this energetic map. These are respectively named: S0, to represent the bulk, i.e. all those conformations with z greater than 30Å; S1, where a 1.0 kcal/mol minima indicates the first interactions of benzamidine with trypsin; S2, the isolated 2.5 kcal/mol minima in the lower-left corner of the PMF plane; S3, the second deepest minima of 3.0 kcal/mol at the top-left corner of the PMF plane; and finally S4, the bound conformation with relative free energy of 6.0 kcal/mol, centered at the origin. The metastable states are structurally characterized by visual inspection to highlight the underlying molecular interactions, as shown in Figure 3b . In state S1, several mild hydrophobic interactions between benzamidine and Y59, Y94 and V90 are identified as representing the first recognition contacts of the complex in our experiments. In S2, benzamidine is stabilized by a stronger π-π stacking interaction with Y151 and Y39 sidechains. In S3, several hydrogen bonds are present between the amidine moiety of benzamidine and Q175, T98, L99 and T177 main chains in a rather electronegative region of trypsin. Finally S4, shows the bound conformation of benzamidine and its strong interaction with D189. (24) Additionally, the crystal waters reported with the original structure in the binding pocket were reproduced by the binding simulations (a video of water molecules in the binding pocket is available in Supporting Video S2).
Characterization of binding pathway. The twodimensional PMF is further coarse-grained into 5 states using a Voronoi tessellation, with the centroids selected to represent the different metastable states of the system. This simple model of the process provides a direct interpretation of the metastable binding sites through analysis of the structure of the eigenvectors of the 5-state MSM (available in Supporting Figure S3 ), which describe the characteristic modes between the states as well as their implied timescales. Considering the slowest modes, we see transitions from site S0 to S1 (Figure 4a ) and collectively from sites S0/S1 to sites S3/S4 (Figure 4b ) on an implied timescale of between 6-10 ns, corresponding to the diffusion of the ligand from bulk to the first structural contact with the protein. With an implied timescale of ≈ 20 ns, the model shows the transitions between sites S2 and S3 (Figure 4c) . Therefore, the ligand is more likely to diffuse back and bind to the S3 site rather directly transit from S2 to the binding pocket. Site S2 is a secondary binding pocket but not directly involved in the binding pathway. Finally, the rate-limiting step of the process is the transition to the bound site S4 (Figure 4d ) which is seen to happen at an implied timescale of around 60 ns in the approximate 5-state model, and preferentially coming from S3 (the complete probability transition matrix is available in Supporting Table S1 ). This is consistent with the energetics in Figure  3a , since the energetic barrier between the two states is only 1.5 kcal/mol high, lower than that to any other metastable state.
To further understand the rate-limiting transition S3-S4 we inspected the trajectories that underwent binding to define a consensus pathway. As shown in Figure 5a benzamidine appears to "roll" over the surface of trypsin in its rate-limiting transition where three transition states are identified. TS1, TS2 and TS3 are found to be three path-defining interactions along which most of the binding trajectories transit. In higher detail, Figure 5b 
to binding is TS3 corresponding to a hydrogen bond formed with the S214 side chain. Not all binding trajectories follow sequentially the transition through TS1, TS2 and TS3. Nonetheless, the vast majority bind passing through TS2 and TS3 or directly to TS3 before burying into the pocket.
Estimation of energetics and kinetics. In order to provide a more precise quantitative interpretation of binding, we compute both the binding affinity and the kinetics of the overall process of binding. Figure S4) we defined the bound conformation as those states with GPMF ≤ 3 kcal/mol and the unbound as GPMF > 3 kcal/mol.
The standard free energy of binding (∆G • ), is calculated using the following expression (derivation available in Supporting Text S1):
where ∆W3D is the depth of the PMF, kB is the Boltzmann constant, T is the temperature, V b is the bound volume calculated as the integral of the PMF, and V • is the standardstate volume. The three-dimensional PMF (shown in Supporting Figure S5 In order to compare the reconstructed binding pathway with experimental kinetics data, we mapped the binding process onto a simple two-state model for the reaction of an inhibitor (I) with an enzyme (E), i.e.
[E] + [I]
where, assuming first order kinetics, kon and k off directly relate to the mean times of binding and unbinding, respectively (26, 27) . In a binary view of the states of the system as having a bound and unbound conformations, computing the mean first passage time (MFPT) for the on and off reactions would directly give us the constant rates for the reactions as 
. A larger uncertainty is coupled to the precision of k off since a larger extrapolation is done by inferring long-timed events from various short-time transitions. The complete unbinding rate is recovered by the MSM from the probability of transitions moving up the binding well in the PMF. So, while it is not necessary to produce a full unbinding event, the error in the estimation of the transitions may be higher in the off direction rather than on (29) . For higher accuracy in the computation of the kinetic parameters, a better sampling of the slowest mode of the MSM might improve the estimations. Methodologies that increase the unbiased sampling on the states involved in the slowest modes could be used to improve the efficiency of sampling and possibly yield more accurate estimation of quantitative parameters (30, 31) . Finally, it could also be that these results are simply within the limitations of the forcefield employed, as our results are in agreements with previous estimations (32) .
Conclusions
This study proposes an approach to reconstruct a complete enzyme-inhibitor binding process from free ligand binding MD simulations. The quantitative reconstruction is achieved through the construction of Markov state models of the process. In 187 of the trajectories (37% of total) benzamidine was found to bind with RMSD less than 2Å from the crystallographic pose. Investigation of the energetics for the interaction revealed two additional metastable states of the complex, S2 and S3, in addition to the bound state S4 (Figure 3a) . Structural characterization of these states revealed persistent interactions with key residues. Interestingly, transitions to the bound state S4 tend to come from the metastable binding site S3, and not from the bulk. Further investigation of the transition revealed how benzamidine "rolls" over the surface of trypsin. Mechanistically, this is explained by the existence of three representative transition states (TS1, TS2 and TS3) along this transition corresponding to hydrogen-bond interactions between amidine moiety of benzamidine and trypsin residues. In particular, TS2 and TS3 characterized as interactions with catalytic triad residue H57 and S210 for TS2 and S214 for TS3. We propose that putative mutations to the transition-state residues may alter the binding kinetics of benzamidine. Further examples and validation of this approach need to be carried out comparing the binding of several ligands to several proteins (33) . We plan to validate and improve this methodology in the future to extend its applicability, also taking advantage of improved computational capabilities. In a broader sense, the present approach should be useful in studying the binding pathways of complexes of similar size. According to our results, 20% of the data generated in the current study could be sufficient to reconstruct similar protein-ligand binding processes. Surely, not all cases would be amenable to this methodology -larger, flexible ligands and proteins would present more complex binding processes requiring higher computational effort. We don't think that this approach is that relevant for high throughput screening for several reasons. First, the amount of calculations required for a single compound is not scalable to thousands or millions of ligands, and second because the degree of detail provided by the methodology is probably not needed during the screening phase. Instead, we envisage a successful application in the lead optimization phase on possible tens of lead compounds
GPU project GPUGRID.net (7) based on ACEMD (6) . Extrapolating from the current study, it would be possible to reconstruct the binding pathways of 5 to 10 ligands per week in-house on a moderately sized GPU cluster of 32-64 GPUs. This level of complexity should be already within the reach of many interested in using the methodology, while future hardware, software and improved protocols could further reduce the computational costs.
Materials and Methods
System preparation. The input model was based on the crystallographic structure of the inhibitor benzamidine binding to the enzyme bovine trypsin (PDB: 3PTB, Figure 1a) . (24) The protein was modeled using the AMBER 99SB force field (34) and the ligand with the GAFF force field (35) as described by Doudou et al. (22) . The complex was rotated to align the vector defined by the C7 atom of benzamidine and the Cγ atom of ASP 189 to the z-axis of the box. The ligand was placed in the bulk at z = 35Å from the binding pocket, on the z axis (see Figure 1b) . The complex was then solvated with 10604 TIP3P water molecules (36) and neutralized with the addition of 9 Cl − ions. The setup resulted in a system of 35060 atoms in a simulation box of initial dimensions 71 × 64 × 82Å
3 .
The system was minimized and equilibrated under NPT conditions at 1 atm and 298 K using a timestep of 2 fs, non-bonded cutoff of 9Å, rigid bonds and PME for long range electrostatic with a grid of 72 × 64 × 88. were restrained with a 1 kcal mol −1Å−2 harmonic potential to prevent the system reorienting. The equilibration run was performed using NAMD2.6 (37) on a standard CPU cluster. All production runs using ACEMD (6) on the distributed computing project GPUGRID (7).
Free-binding production simulations. 500 different conformations were generated by sampling from a pre-production run of 50 ns. The ligand was kept at a minimum distance of 20Å from the protein and allowed to diffuse in the xy plane only. All production runs were carried in the NVT ensemble. A longer timestep of 4 fs was used thanks to the use of the hydrogen mass repartitioning scheme (38) implemented in ACEMD. Temperature, non-bonded forces cutoff and PME grid size were kept the same as in the equilibration phase. In order to keep the protein orientation fixed and to avoid the benzamidine diffusing away, two restraint schemes were applied. First, an harmonic restraint of k = 1 kcal mol −1Å−2 was applied on Cα atoms of the protein further than 9Å from the binding pocket. Second, a flat-bottomed harmonic restraint was applied to the C7 atom of benzamidine with box size b = (30, 30, 80) centered around the binding pocket and restraint potential of 0.1 kcal mol −1Å−2 . 500 production runs were submitted to GPUGRID.
Upon data retrieval and analysis, 495 trajectories had reached the target of 100 ns of simulated time. The completed 495 trajectories (∼ 50 µs total aggregate data) constitute the total data used for trypsin-benzamidine binding analysis.
Markov State Models. Markov State Models (MSM) are useful to describe the dynamics of a system as a sequence of transitions between coarse-grained states (16) . We obtained a dynamic description of the binding process, defining the states according to the ligand-protein geometry. Two-and three-dimensional reaction coordinates were defined from the Cartesian components of the position of the C7 atom in benzamidine, assuming its bound position as the origin of the axes. The values of the coordinates were discretized in a grid of states by rounding them to the closest multiple of a chosen bin size. The complet MSM model is then built and analyzed using the methods highlighted in Supporting Text S1 (16, 26, (39) (40) (41) Parameters for benzamidine were derived from the GAFF forcefield, and RESP partial charges fitted with Gaussian. The C7 atom was used as a reference to define the reaction coordinate. and S2, benzamidine is stabilized by π-π stacking interactions with Y151 and Y39 sidechains. In S3, an hydrogen bond may be formed between NH 2 groups of benzamidine (only heavy atoms shown for clarity) and Q175 sidechain, or by a cation-π interaction between Q175 sidechain again, and benzamidine's benzene ring. and collectively from states S0/S1 to states S3/S4 (b). With τ * ≈ 20 ns, the model shows the transitions between states S2 and S3 (c). Transitions from lower energy states take longer times on average. The rate-limiting step of the process is the transition to the bound state S4, which is seen to happen at a τ * ≈ 60 ns and preferentially from state S3 (d). Far from all binding trajectories following exactly this path; some trajectories bind passing only from TS2 and TS3, or directly to TS3, prior to burying into the binding pocket at the known bound conformation. As a side note, H57 belongs to the trypsin catalytic triad, responsible of the peptide bond cleavage activity of serine proteases.
